Automated and manual hippocampal segmentation techniques: Comparison of results, reproducibility and clinical applicability.
Background:
Imaging techniques used to measure hippocampal atrophy are key to understanding the clinical progression of Alzheimer's disease (AD). Various semi-automated hippocampal segmentation techniques are available and require human expert input to learn how to accurately segment new data. Our goal was to compare 1) the performance of our automated hippocampal segmentation technique relative to manual segmentations, and 2) the performance of our automated technique when provided with a training set from two different raters. We also explored the ability of hippocampal volumes obtained using manual and automated hippocampal segmentations to predict conversion from MCI to AD.
Methods:
We analyzed 161 1.5T T1-weighted brain magnetic resonance images (MRI) from the ADCS Donepezil/Vitamin E clinical study. All subjects carried a diagnosis of mild cognitive impairment (MCI). Three different segmentation outputs (one produced by manual tracing and two produced by a semi-automated algorithm trained with training sets developed by two raters) were compared using single measure intraclass correlation statistics (smICC). The radial distance method was used to assess each segmentation technique's ability to detect hippocampal atrophy in 3D. We then compared how well each segmentation method detected baseline hippocampal differences between MCI subjects who remained stable (MCInc) and those who converted to AD (MCIc) during the trial. Our statistical maps were corrected for multiple comparisons using
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permutation-based statistics with a threshold of p<0.01.
Results:
Our smICC analyses showed significant agreement between the manual and automated hippocampal segmentations from rater 1-right smICC=0.78 (95%CI 0.72-0.84); left smICC=0.79 (95%CI 0.72-0.85), the manual segmentations from rater 1 versus the automated segmentations from rater 2-right smICC=0.78 (95%CI 0.7-0.84); left smICC=0.78 (95%CI 0.71-0.84), and the automated segmentations of rater 1 versus rater 2-right smICC=0.97 (95%CI 0.96-0.98); left smICC=0.97 (95%CI 0.96-0.98).
All three segmentation methods detected significant CA1 and subicular atrophy in MCIc compared to MCInc at baseline (manual: right p corrected = 0.0112, left p corrected = 0.0006; automated rater 1: right p corrected = 0.0318, left p corrected = 0.0302; automated rater 2: right p corrected =0.0029, left p corrected =0.0166).
Conclusions:
The hippocampal volumes obtained with a fast semi-automated segmentation method were highly comparable to the ones obtained with the labor-intensive manual segmentation method. The AdaBoost automated hippocampal segmentation technique is highly reliable allowing the efficient analysis of large data sets.
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Introduction:
Alzheimer's disease (AD), the most common type of dementia, is a slowly progressing disease affecting a rising number of individuals every year. The structural integrity of AD patients' brains is often compromised decades before they become symptomatic. There are three stages to disease progression: the preclinical/ presymptomatic stage, the prodromal stage of mild cognitive impairment (MCI), and the dementia stage. MCI is the first stage where cognitive decline can be objectively captured by neuropsychology testing using population-derived normative data. While some MCI patients revert to normal cognition, the majority progress to dementia at a rate of 10-15% per year 1, 2 . Being able to identify MCI patients who will convert to AD will enable us to effectively halt or slow down the progression of MCI to AD once disease-modifying treatments are available.
Magnetic resonance (MR) imaging is an important tool used by medical professionals in the diagnosis of patients with neurodegenerative disorders. It is also used abundantly in clinical research to study disease progression or to examine correlations between atrophy and other variables such as genetic profiles or performance on neuropsychological tests. Hippocampal atrophy is a widely accepted imaging biomarker for AD [3] [4] [5] [6] [7] [8] [9] [10] . Disease history studies and clinical trials are nowadays enrolling hundreds of patients and rely on serial MR imaging to capture brain atrophy rates. Manual hippocampal segmentation is a slow and highly labor-intensive approach. Consequently, it is critical to develop automated brain imaging techniques that can accurately extract hippocampal structures from large datasets while using minimal human operator input.
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Several studies have proposed automated hippocampal segmentation techniques.
One such study involved the patch-based method, which uses expert traces as priors to segment anatomical structures. In this method, each voxel is labeled individually and its surrounding patch of voxels is compared to patches in the training set in order to match anatomical regions of brain structures 11 . Other studies use deformable shape 12-14 , appearance-based 15, 16 , and atlas-based 17, 18 models for hippocampal segmentation. More recently, segmentation techniques are being developed that incorporate different aspects from these three models [19] [20] [21] .
Despite that multiple techniques for automated hippocampal segmentation have been developed and embraced by many for analyzing large data sets, there are ongoing concerns in the research community regarding their accuracy given the fact that brain structures, especially the subcortical regions, display significant anatomic complexity and variation. Several groups are therefore working on approaches to overcome these problems. One group has suggested using template sets that are specific to the age of individuals in the cohort that is being studied 22 . Others have suggested that a common online dataset of segmented hippocampi or other anatomical structures should be developed and used as a validation tool 23, 24 . Some researchers state both random and systematic errors in segmentation can be corrected 25 . Random errors, such as structural abnormalities, can be corrected by combining segmentation data from multiple attempts. Systematic errors caused by the misinterpretation of the manually segmented images that serve as primers can be addressed by creating an algorithm that detects them using model errors 25 or by testing the segmentation performance of various primer sets as we have done here.
ACCEPTED MANUSCRIPT
A C C E P T E D M A N U S C R I P T
The challenges brought about by the different factors that may cause incorrect labeling of subcortical structures have led researchers to come up with multiple features that are sensitive to anatomical variation 19, 25, 26 . To label hippocampal tissues correctly, our automated technique takes into account approximately 13,000 features. Among these features are image intensity, gradients, curvatures, tissue classification maps of gray and white matter as well as CSF, means and standard deviations, Haar filters, and combinations of x, y, and z positions 19 . The algorithm's performance has been validated in prior reports, and, when labeling new data previously unseen by the algorithm, it has been found to agree with human raters as well as human raters agree with each other 19 . It has also been found to favorably compare to the automated hippocampal segmentation method from the Freesurfer packet 27 .
In this study, we compare manual and automated hippocampal segmentation methods in order to establish the reliability and reproducibility of our machine learning based classification technique. We trained our automated segmentation tool, called AdaBoost, with training sets traced by two different experts and compared the volumetric and 3D shape outputs to each other and to the gold standardmanual hippocampal segmentation of the same dataset. We hypothesized that the three groups of segmentations would produce comparable results. We also explored the ability of hippocampal volumes obtained using manual and automated hippocampal segmentations to predict conversion from MCI to AD.
Methods:
2.1. Subjects: 28 . Demographic details of the entire sample have been previously described 28 MCInc subjects who were used in the training set.
MRI acquisition, processing, and analyses:
Of the 24 sites, 14 used General Electric, 9 used Siemens and one used Philips scanners. T1-weighted scans with minimum full-time echo and repetition time, 124 partitions, 25 degree flip and 1.6mm slice thickness were obtained. Details about the individual protocols have been previously published 30 . T2-weighted scans were inspected for abnormalities such as strokes and major white matter hyperintensities at the Mayo Clinic in Rochester, MN. The data was checked for compliance with the imaging protocol and for quality as explained elsewhere 30 . Only scans that passed quality control assessment at Mayo Clinic, Rochester were shared with the University of California Los Angeles (UCLA) research team.
Using a 9-parameter linear transformation, each image was separately registered to the ICBM53 standardized brain template 18 . All scans were intensity normalized 31 .
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Manual segmentation:
One expert rater [AEW, intrarater reliability =0.98, interrater reliability relative to the senior author (LGA) =0.897 tested on a set of 12 hippocampi that were not part of this project] manually traced the hippocampi of the 161 subjects with scans of sufficient quality to allow manual tracing on gapless coronal slices following a detailed hippocampal tracing protocol 32 . The contours included the hippocampus proper, the subiculum, and the dentate gyrus. AEW remained blinded to the subjects' conversion status and demographic information. Hippocampal volumes were extracted.
Automated segmentation:
The automated method that we used in this study is described in detail by Morra et al 19, [33] [34] [35] [36] [37] . 20 subjects (10 MCIc and 10 MCInc) were randomly selected as the training dataset. The manual hippocampal traces of these 20 subjects from rater 1 (AEW) and rater 2 (JS, interrater reliability =0.96, intrarater reliability relative to LGA =0.896; tested on a set of 12 hippocampi that were not part of this project] were used to develop the semi-automated hippocampal segmentation approach. The tracers remained blind to demographic and conversion information.
We trained AdaBoost -our automated machine-learning hippocampal segmentation algorithm 19, 35 separately with rater 1 and rater 2 hand-traced hippocampal training sets. From each training set, AdaBoost developed a set of classification rules to distinguish hippocampal from non-hippocampal tissue. These classification rules were comprised of mathematical combinations of as many of the ~13,000 different features as
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needed to achieve the most accurate segmentation. Examples of such features include image intensity, position, curvatures, gradients and tissue classification maps. The performance of the segmentation models was tested in a testing dataset and subjected to careful visual inspection by both raters and the senior author (LGA) prior to segmentation of the full dataset. Hippocampal volumes were extracted.
Radial Distance Mapping:
The hippocampal segmentations produced with each of the three methods (manual rater 1, automated rater 1 and automated rater 2) were transformed into 3D parametric surface mesh models to normalize the spatial frequency of the digitized surface points.
The medial core -a curve threading down the center of each hippocampus, was computed and the radial distance from this medial core to every surface point of each hippocampus was determined and mapped onto each point of the hippocampal surface producing a distance map. Radial distancea measure of hippocampal thickness, was compared between MCIc and MCInc for each segmentation dataset (manual rater 1, automated rater 1 and automated rater 2) 3 .
Statistical methods:
We compared the demographic and conversion status characteristics between the manual and automated cohorts using Student's T-test for continuous and Chi-Squared test for categorical variables. We used single measure intra-class correlation coefficient (smICC) to compare the segmentation agreement between the three methods. Next, we analyzed in 3D the ability of each method to detect hippocampal atrophy between MCIc
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and MCInc. Our 3D significance maps were adjusted for multiple comparisons using permutation-based statistics with a threshold of p<0.01 38 .
Sensitivity, specificity and area under the curve (AUC) for conversion to
dementia using each of the segmentation methods were estimated using logistic regression models. Sensitivity and specificity were derived using a threshold set to equal the conversion rate in the sample.
Results:
There were no statistical differences in age, gender, education, apolipoprotein E (ApoE ε4) genotype distribution and MMSE between the manual (N=161) and automated (N=141) cohorts ( Table 1) . We found no significant differences in age, gender, education and ApoE ε4 genotype frequency between MCIc vs MCInc in the manual and automated cohorts ( Table 2) . As expected, MMSE was significantly lower in MCIc vs MCInc, respectively, in both samples (mean ± SD: manual -26.7±1.9 vs. 28.0±1.7, p<0.001 and automated -26.8±2.8 vs. 28.0±1.7, p<0.001).
Manual versus automated segmentation:
Single measure intra-class correlation coefficient (smICC) showed significant agreement between the manual versus automated segmentations of rater 1 [right smICC=0.78 (95% CI 0.72-0.84); left smICC=0.79 (95% CI 0.72-0.85)]. Comparing manual rater 1 to automated rater 2 segmentations also yielded favorable results [right smICC=0.78 (95% CI 0.7-0.84); left smICC=0.78 (95% CI 0.71-0.84)].
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Rater 1 versus Rater 2 automated segmentation:
Automated rater 1 versus rater 2 segmentations showed an extremely high level of agreement with each other [right smICC=0.97 (95% CI 0.96-0.98); left smICC=0.97 (95% CI 0.96-0.98)]. This indicates that AdaBoost performs in a very stable and reliable fashion independent of the inadvertent rater-introduced noise in segmentations of the training dataset.
MCIc versus MCInc hippocampal atrophy comparisons:
Significance maps showing diagnostic differences between MCIc and MCInc were created using all three segmentation outputs (Figure 1) . Statistical comparison of hippocampal radial distance between MCIc and MCInc demonstrated the expected bilateral atrophy of the CA1 and subiculum regardless of the segmentation method (manual rater 1: right p corrected = 0.0112, left p corrected = 0.0006; automated rater 1: right p corrected = 0.0318, left p corrected = 0.0302; automated rater 2: right p corrected =0.0029, left p corrected =0.0166).
Prediction of conversion from MCI to dementia.
Hippocampal volumes by themselves were not able to accurately predict future conversion to dementia regardless of the segmentation method ( Table 3 ).
The sensitivity of hippocampal volume to discriminate MCIc from MCInc ranged from 51.9% to 61.5%, specificity from 56.2% to 62.9% and the area under the curve from 0.602 to 0.677.
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Discussion:
Our analyses show that the AdaBoost automated hippocampal segmentation technique accurately contours hippocampi and can be used as a reliable substitute for manual delineation of the hippocampal structure, which currently remains the gold standard for hippocampal segmentation. We were able to demonstrate that the volumes obtained from the manual and the two automated segmentation approaches were in significant agreement with each other. This suggests that AdaBoost performs comparably to manual segmentation, as previously established 19, 35 . We also demonstrate a highly stable and robust AdaBoost performance when provided with training sets traced by different raters, and performance stability in spite of tracer-introduced segmentation noise. Both the manual and automated segmentations proved sensitive to structural hippocampal differences between MCI individuals who converted to AD, and those who remained stable, as previously demonstrated in this trial population 6 . We detected atrophy in the CA1 and subiculum in MCIc compared to MCInc, a finding that was previously reported by our group in several cohorts 4, 6, 36, 39, 40 . Our predictive analyses however highlighted that hippocampal atrophy measured by hippocampal volume by itself is a poor predictor of future conversion to dementia. This is not an unexpected finding as hippocampal neurodegeneration is common among the elderly with MCI with and without AD pathology 41 .
There are both strengths and limitations of the study that should be recognized. 
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